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ABSTRACT

As an effective method to boost the performance of Large Language
Models (LLMs) on the question answering (QA) task, Retrieval-
Augmented Generation (RAG), which queries highly relevant in-
formation from external complex documents, has attracted tremen-
dous attention from both industry and academia. Existing RAG
approaches often focus on general documents, and they overlook
the fact that many real-world documents (such as books, booklets,
handbooks, etc.) have a hierarchical structure, which organizes
their content from different granularity levels, leading to poor per-
formance for the QA task. To address these limitations, we intro-
duce BookRAG, a novel RAG approach targeted for documents
with a hierarchical structure, which exploits logical hierarchies and
traces entity relations to query the highly relevant information.
Specifically, we build a novel index structure, called BookIndex, by
extracting a hierarchical tree from the document, which serves as
the role of its table of contents, using a graph to capture the intri-
cate relationships between entities, and mapping entities to tree
nodes. Leveraging the BookIndex, we then propose an agent-based
query method inspired by the Information Foraging Theory, which
dynamically classifies queries and employs a tailored retrieval work-
flow. Extensive experiments on three widely adopted benchmarks
demonstrate that BookRAG achieves state-of-the-art performance,
significantly outperforming baselines in both retrieval recall and
QA accuracy while maintaining competitive efficiency.
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1 INTRODUCTION

Large Language Models (LLMs) such as Qwen 3 [62] and Gemini
2.5 [13] have revolutionized Question Answering (QA) [15, 64, 70].
The industry has increasingly adopted LLMs to build QA systems
that assist users and reduce manual effort in many applications [70,
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Figure 1: Comparison of existing methods and BookRAG for
complex document QA.

72], such as financial auditing [30, 38], legal compliance [7], and sci-
entific discovery [56]. However, directly relying on LLMs may lead
to missing domain knowledge and generating outdated or unsup-
ported information. To address these issues, Retrieval-Augmented
Generation (RAG) has been widely adopted [18, 23] by retrieving
relevant domain knowledge from external sources and using it to
guide the LLM during response generation. On the other hand, in
real-world enterprise scenarios, domain knowledge is often stored
in long-form documents, such as technical handbooks, API refer-
ence manuals, and operational guidebooks [48]. A notable feature
of such documents is that they follow a book-like structure, char-
acterized by intricate layouts and rigorous logical hierarchies (e.g.,
explicit tables of contents, nested chapters, and multi-level sections).
In this paper, we aim to design an effective RAG system for QA
over long and highly structured documents.

o Prior works. The existing RAG approaches for document-
level QA generally fall into two paradigms, as illustrated in Figure 1.
The first paradigm relies on OCR (Optical Character Recognition)
to convert the document into plain text, after which any text-based
RAG method can be directly applied. Among text-based RAG meth-
ods, state-of-the-art approaches increasingly adopt graph-based
RAG [5, 67, 71], where graph data serves as an external knowl-
edge source because it captures rich semantic information and the
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Table 1: Comparison of representative methods and our BookRAG.

Representative Multi-hop Document Query
Type Method Core Feature Reasoning Parsing Workflow
Graph-based RAPTOR [45] Recursive summarization v X Static
P GraphRAG [17] Global community detection v X Static
MM-Vanilla Multimodal retrieval X v Static
Layout segmented ~ SuperRAG [63] Spatial layout graph X v Static
DocETL [46] LLM-based document processing pipeline X v Manual
Doc-Native BookRAG (Ours)  Structure-aware Index & Agent-based retrieval v v Dynamic

relational structure between entities. As shown in Table 1, two rep-
resentative methods are GraphRAG [17] and RAPTOR [45]. Specif-
ically, GraphRAG first constructs a knowledge graph (KG) from
the textual corpus, and then applies the Leiden community detec-
tion algorithm [51] to obtain hierarchical clusters. Summaries are
generated for each community, providing a comprehensive, global
overview of the entire corpus. RAPTOR builds a recursive tree struc-
ture by iteratively clustering document chunks and summarizing
them at each level, enabling the model to capture both fine-grained
and high-level semantic information across the corpus.

In contrast, the second paradigm, layout-aware segmentation [4,
52], parses the document into structured blocks (e.g., paragraphs,
tables, images) to preserve the original layout and avoid fragmen-
tation caused by fixed-size chunking. These blocks often exhibit
multimodal characteristics, and a typical approach is to apply multi-
modal retrieval to obtain relevant content. Besides, SuperRAG [63]
organizes layout units into a graph based on spatial proximity and
reading order to expand the retrieval context. Another state-of-the-
art approach, DocETL [46], provides a declarative interface that
requires users to manually define LLM-based processing pipelines
to analyze retrieved blocks through task-specific operations.

e Limitations of existing works. However, these methods
suffer from two fundamental limitations (L for short): L1: Failure
to capture the deep connection of document structure and se-
mantics. Text-based approaches cannot capture the structural lay-
out of the document, resulting in the loss of important relationships
stored in the hierarchical blocks, such as tables nested within a spe-
cific section. While layout segmented methods preserve document
structure, they do not explicitly exploit the logical relationships
between discrete blocks. This limits their capacity for multi-hop
reasoning and makes it difficult to aggregate evidence scattered
throughout the document, a fundamental requirement for address-
ing complex, real-world queries. L2: Static query workflows. In
real-world QA scenarios, user queries are highly heterogeneous,
ranging from simple keyword lookups to complex multi-hop ques-
tions that require synthesizing evidence scattered across different
parts of the document. Applying a uniform strategy, such as static
or manually predefined workflows, to diverse needs is inefficient;
for example, complex queries often require question decomposition,
whereas simple queries do not.

e Our technical contributions. To bridge this gap, we intro-
duce BookRAG, the first retrieval-augmented generation method
built upon a document-native BookIndex, designed for document
QA tasks. Specifically, to capture the deep connection among rela-
tions in the document, BookIndex organizes information through
two complementary structures. First, to preserve the document’s
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native logical hierarchy, we organize the parsed content blocks into
a hierarchical tree structure, which serves as its table of contents.
Second, to capture the intricate relations within these blocks, we
construct a KG containing fine-grained entities. Finally, we unify
these two structures by mapping the KG entities to their corre-
sponding tree nodes.

However, effective multi-hop reasoning on the graph relies on a
high-quality KG [67, 71], which is often compromised by entity am-
biguity (e.g., distinct entities with names like “LLM” and “Large Lan-
guage Model”). To address this, we propose a novel gradient-based
entity resolution method that analyzes the similarity distribution of
candidate entities. By identifying sharp drops in similarity scores,
we can efficiently distinguish and merge coreferent entities, thereby
ensuring graph connectivity and enhancing reasoning capabilities.

Building upon the BookIndex, we address the static query work-
flows (L2) by implementing an agent-based retrieval. Specifically,
BookRAG first classifies user queries based on their intent and
complexity, and then dynamically generates tailored retrieval work-
flows. Grounded in Information Foraging Theory [42], our retrieval
process mimics foraging by using Selector to narrow down the
search space via information scents and Reasoner to locate highly
relevant evidence.

We conduct extensive experiments on three widely adopted
datasets to validate the effectiveness and efficiency of our BookRAG,
comparing it against several state-of-the-art baselines. The exper-
imental results demonstrate that BookRAG consistently achieves
superior performance in both retrieval recall and QA accuracy
across all datasets. Furthermore, our detailed analysis validates the
critical contributions of our key features, such as the high-quality
KG and the agent-based retrieval mechanism.

We summarize our contributions as:

o We introduce BookRAG, a novel method that constructs a
document-native BookIndex by integrating a hierarchical
tree of document layout blocks with a KG storing fine-
grained entity relations.

e We propose an Agent-based Retrieval approach inspired

by Information Foraging Theory, which dynamically classi-

fies queries and configures optimal retrieval workflows to
locate highly relevant evidence within documents.

Extensive experiments on multiple benchmarks show that

BookRAG significantly outperforms baselines, achieving

state-of-the-art performance in solving complex document

QA tasks while maintaining competitive efficiency.

Outline. We review related work in Section 2. Section 3 intro-
duces the problem formulation, IFT, and RAG workflow. In Section 4,



we present the structure of our BookIndex and its construction. Sec-
tion 5 presents our agent-based retrieval, elaborating on the query
classification and operators used in the structured execution of
BookRAG. We present the experimental results and detailed analy-
sis in Section 6, and conclude the paper in Section 7.

2 RELATED WORK

In this section, we review the related work, including LLMs in
document analysis and the modern representative RAG approaches.

(1) LLMs in document analysis. Recent advances in LLMs have
offered opportunities to leverage LLMs in document analysis. Due
to the robust semantic reasoning capabilities of LLMs, an increasing
number of works focus on transferring unstructured documents
(e.g., HTML, PDFs, and raw text) into structured formats, such as
relational tables [1, 6, 26, 39]. For example, Evaporate [1] utilizes
LLMs to synthesize extraction code, enabling cost-effective conver-
sion of semi-structured web documents into structured databases
without heavy manual annotation. In addition, several LLM-based
document analysis systems have been proposed to equip standard
data pipelines with semantic understanding [29, 40, 46, 53]. For
instance, LOTUS [40] extends the relational model with semantic
operators, allowing users to execute SQL-like queries with LLM-
powered predicates (e.g., filter, join) over unstructured text corpora.
Similarly, DocETL [46] introduces an agentic framework to opti-
mize complex information extraction tasks. Furthermore, another
line of research proposes to directly analyze or parse documents
by viewing the document pages as images, thereby preserving crit-
ical layout and visual information [27, 33, 54]. In contrast to these
systems that focus on structuring data for database operations or
general-purpose extraction, BookRAG is specifically designed for
complex document QA. It distinguishes itself by preserving the
document’s native logical hierarchy and multi-level sections to
build a structure-aware index. Crucially, our approach captures
intricate relations within the document’s layout and content, going
beyond simple structured table extraction or general data cleaning
to support deep reasoning over complex document topologies.

(2) RAG approaches. RAG has been proven to excel in many
tasks, including open-ended question answering [25, 47], program-
ming context [9, 10], SQL rewrite [31, 50], and data cleaning [36, 37,
43]. The naive RAG technique relies on retrieving query-relevant
contexts from external knowledge bases to mitigate LLMs’ “hallu-
cination” Recently, many RAG approaches [17, 19, 20, 22, 28, 34,
45, 49, 55, 58—60, 65, 71] have adopted graph structures to organize
the information and relationships within documents, achieving
improved overall retrieval performance. For more details, please
refer to the recent survey of graph-based RAG methods [41]. More-
over, the Agentic RAG paradigm has been widely studied, employ-
ing autonomous agents to dynamically orchestrate and refine the
RAG pipeline, thus significantly boosting the reasoning robust-
ness and generation fidelity [2, 24, 61]. Furthermore, layout-aware
frameworks such as SuperRAG [63] have been proposed to orga-
nize document units into graphs based on their spatial proximity
and reading order. Compared to these methods, BookRAG uti-
lizes a structure-aware index that synergizes document hierarchies
with fine-grained entity graphs. This enables precise retrieval at
the block level, surpassing the accuracy of traditional fixed-size
chunking or page-level approaches. Moreover, BookRAG adopts a
dynamic workflow grounded in Information Foraging Theory to
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navigate intricate relations more efficiently than standard prede-
fined or data-driven pipelines.

3 PRELIMINARIES

This section formalizes the problem setting of complex document
QA, introduces the foundational Information Foraging Theory (IFT),
and briefly reviews the general workflow of RAG systems.

3.1 Problem Formulation

We study the problem of Question Answering (QA) over complex
documents, which aims to answer user queries based on long-form
documents [4, 11, 35]. Formally, a document D is represented as a
sequence of N pages, D = {Pi}fi ;- These pages collectively contain
i,
represents a distinct element (e.g., text segment, section header,
table, or image) organized within a logical chapter hierarchy. Given
a user query g, the goal is to generate an accurate answer A, ideally
grounded in a specific set of evidence blocks E ¢ 8. The task is
formulated as developing a method S that maps the structured

document and the query to the final answer:

a sequence of content blocks 8 = {b;}'\_,, where each block b;

A=S8(D,q) (1)

where S should navigate both the sequential page content and
the logical hierarchy of D to synthesize the response. Specifically,
BookRAG retrieves information at the content block level. Each
extracted block is represented as a node within the BookIndex, and
BookRAG generates answers based on these fine-grained elements
to enable precise evidence localization.

3.2 Information Foraging Theory

Information Foraging Theory (IFT) [42] provides a framework for
understanding information access as a process analogous to animal
foraging. It suggests that users follow cues, known as information
scent (e.g., keywords or icons), to navigate between clusters of con-
tent, known as information patches (e.g., sections in handbooks).
The goal is to maximize the rate of valuable information gain while
minimizing effort, guiding the decision to either stay within a patch
or seek a new one.

Consider experts seeking a solution to a specific problem within a
large technical handbook. They first extract key terms related to the
problem, which act as information scent. This scent guides them to
navigate towards one or more promising sections (the information
patches). Within these patches, they analyze the diverse content to
extract the precise knowledge required to formulate a final answer.

3.3 RAG workflow

Retrieval-Augmented Generation (RAG) systems typically operate
in a two-phase framework [5, 17, 41]. In the Offline Indexing
phase, unstructured corpus data is organized into a structured index,
which can take various forms such as vector databases or KGs [71].
Subsequently, in the Online Retrieval phase, the system retrieves
relevant components (e.g., text chunks or subgraphs) based on
the user query g to inform the LLM’s generation. However, these
general workflows often treat the index as a structure derived purely
from content, potentially detaching it from the document’s original
logical hierarchy. In contrast, our approach seeks to deeply integrate
these retrieval structures with the document’s native tree topology.
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4 BOOKINDEX

This section introduces our proposed BookIndex, a hierarchical
structure-aware index designed to capture both the explicit logical
hierarchy and the intricate entity relations within complex doc-
uments. We first formally define the structure of the BookIndex
(B). Subsequently, we elaborate on the sequential, two-stage con-
struction process: (1) Tree Construction, which parses the docu-
ment’s layout to establish a hierarchy of nodes, each categorized
by type; and (2) Graph Construction, which extracts fine-grained
entity knowledge from the tree nodes and refines it through a novel
gradient-based entity resolution method.

4.1 Overview of BookIndex

We formally define our BookIndex as a triplet B = (T, G, M).
Here, T = (N, Er) represents a Tree structure where N is the set
of nodes derived from the document’s explicit logical hierarchy
(each corresponding to an extracted primitive block, e.g., text, tables,
images), and Et denotes their nesting relationships. G = (V, Eg)
is a Knowledge Graph that captures fine-grained entities (V) and
their relations (Eg) scattered throughout the document. Finally,
M :V — P(N) is the Graph-Tree Link (GT-Link), which links each
entity in V to the set of specific tree nodes in N from which it
was extracted. These links are crucial for capturing the intricate,
cross-sectional relations within the document. The hierarchical
tree nodes in T serve as the document’s native information patches,
providing structured contexts for information seeking. Meanwhile,
the entities and relations in G, connected via M, act as the rich
information scent that guides navigation between and within these
patches.

Figure 2 provides an example of our BookIndex. The Tree com-
ponent, positioned at the top, organizes the document into a hier-
archical structure, where content blocks such as text, tables, and
images serve as leaf nodes nested within section nodes. The Graph
component is composed of entities and relations extracted from
these nodes. The GT-Link, illustrated by the blue dotted lines, explic-
itly connects these entities back to their corresponding tree nodes,
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thereby grounding the semantic entities within the document’s
logical hierarchy.

4.2 Tree Construction

The first stage transforms the raw document into a structured
hierarchical tree T. This involves two key steps: layout parsing and
section filtering.

4.2.1 Layout Parsing. The Layout Parsing phase transforms docu-
ment pages D into a sequence of multimodal blocks 8 by perform-
ing high-fidelity element extraction and content recognition. While
this phase is modular and compatible with various layout tools,
we use the MinerU [52], which employs decoupled model back-
bones (e.g., NaViT [16] and Qwen2-Instruct [62]) for global layout
analysis and targeted content recognition. Specifically, the pipeline
processes each page to extract diverse layout regions and recog-
nizes their contents, converting them into digitized formats such
as text, formulas, and structured tables. The output is a sequence
of blocks, B = {b1, by, - - -, by}, arranged according to the original
reading order of the document. Each block b; = (c;, 7;, f;) is defined
as a triplet: ¢; is the raw content (e.g., text, formulas, or structured
tables), 7; is the layout type (e.g., Title, Text, Table, Image),
and f; is a vector of associated layout features (e.g., “FontSize”,
bounding box).

4.2.2  Section Filtering. While layout parsing can classify some
blocks as Title type, it does not assign hierarchical levels and of-
ten misclassifies elements such as image captions and borderless
table headers. To address this, we prompt an LLM with examples to
identify heading levels, establish parent-child relationships, and de-
tect incorrectly parsed section blocks. We first select the candidate
subset Byye C B (where 7; = Title) and perform the analysis in
batches to ensure scalability for long documents. For each candidate,
the LLM synthesizes its semantic text content (e.g., heading-like
phrasing such as “Chapter 17), visual layout features (e.g., font size
and height), and page indices (ensuring logical continuity across the
document). Based on these features, the LLM determines whether



the block is a valid title or a parsing error, and for valid titles,
identifies their correct parent sections and determines their hier-
archical levels [; € {1,2,---}. Blocks identified as parsing errors
are corrected back to regular Text blocks. This step yields a re-
fined hierarchical structure that serves as the backbone of our Tree
structure.

Finally, the tree T = (N, Er) is constructed using the refined
hierarchical backbone. The node set N comprises all blocks after
the above process, where each node n € N retains its content c;
and corrected type ri’ (e.g., Section, Text, Table, and Image). To
establish the edge set Er, we leverage the fact that the original
sequence B follows the document’s natural reading order, which
essentially represents a pre-order traversal of the logical hierarchy.
By sequentially traversing this sequence, each node is attached as
a child to the most recent preceding Section node of the appropri-
ate hierarchical level J;. This process transforms the flat sequence
into a complete tree structure that accurately preserves both the
document’s physical continuity and its logical depth.

As shown in Figure 2, the Layout Parsing phase identifies diverse
blocks, typing them as Title, Text, Table, and Image. During the
Section Filtering phase, the Title candidates (e.g., "Method", "Ex-
periment”, and "MOE Layer") are analyzed by the LLM. The blocks
“Method” and “Experiment” (both with “FontSize: 14”) are correctly
identified as Section nodes at “Level: 2”. Conversely, the “MOE
Layer” block (“FontSize: 20”), which was erroneously tagged as
Title by the parser, is re-classified by the LLM as a Text node with
“Level: None”. Following the assignment of hierarchical levels to
the identified Section nodes, we sequentially traverse the original
block sequence to assemble the final 4-layer tree structure. This
process ensures that all content nodes are correctly attached un-
der their respective section backbones, preserving the document’s
complete logical depth.

4.3 Graph Construction

Once the tree T is established, we proceed to populate the Knowl-
edge Graph G by extracting and refining entities from the tree
nodes.

4.3.1 KG Construction. We iterate over each node n; € N from
the previously constructed tree T. For each node n;, we extract a
subgraph g; = (V;, Eg;) based on its content ¢; and final node type ;.
This extraction is modality-dependent: if the node is text-only, an
LLM is prompted to extract entities and relations, while for nodes
containing visual elements (e.g., 7; = Image), a Vision Language
Model (VLM) is employed to extract visual knowledge. Crucially,
for every entity v € V; extracted, its origin tree node n; is recorded,
which is vital for constructing the final mapping M.

Furthermore, to preserve structural semantics for specific logical
types (e.g., Table, Formula), our process first creates a distinct,
typed entity (e.g., vwble representing the table itself). The other
extracted entities from the specific node’s content are linked to
this primary vertex. For Table nodes specifically, row and column
headers are also explicitly extracted as distinct entities and linked
to Otable Via a “ContainedIn” relationship.

4.3.2 Gradient-based Entity Resolution. As shown in the litera-
ture [67, 71], a well-constructed KG is essential for document ques-
tion answering. A common challenge in the extraction process is
that the same conceptual entity is often fragmented into multiple
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Algorithm 1: Gradient-based entity resolution

Input: KG G, New entity v,,, Rerank model R, Entity vector
database DB, Vector-search parameter top_k, Gradient
threshold g

// Vector Search top_k relevant entities in DB.

E. « Search(DB, v,, top_k);

S «— R(E¢,vpn);

// Sort all candidate entities by rerank scores.

Sort(E¢, S);

score «— S[0], Sel «— E.[0];

// Gradient select similar entities.

-

oW

for each remaining entity v. € E; \ {E.[0]} do

if Svc] > score * g then

‘ Sel «— Sel U {ov.}, score «— S|ov.];

else break;
// Merge entity or add new entity.
if length(Sel) = length(E.) then

| G « AddNewEntity(G, v,), DB «AddNew(DB, v,);

else

o o

o

©

10
11
1

I

if length(Sel) = 1 then v < Sel[0];

else vg; «— LLMSelect(Sel);

G « MergeEntity(G, vy, vser), DB «Update(DB, vsey, vy,);
return G, DB;

13
14

15

distinct entities due to abbreviations, co-references, or its varied
occurrences across different document sections. This necessitates a
robust Entity Resolution (ER) process, which identifies and merges
these fragmented entities to refine the raw KG.

However, conventional ER methods are computationally expen-
sive. They are often designed for batch processing across multiple
data sources (commonly referred to as dirty ER), aiming to en-
sure accurate entity resolution by finding all possible matching
pairs [12]. This process typically requires finding the transitive
closure of all detected matches. That is, to definitively merge mul-
tiple entities (e.g., A, B, and C) as the same concept, the system
must ideally compare all possible pairs (“A-B”, “A-C”, and “B-C”)
to confirm their equivalence. This can lead to a quadratic (O(n?))
number of pairwise comparisons, a process that becomes prohibi-
tively slow and computationally expensive when relying on LLMs
for high-accuracy judgments.

To address this, we employ a gradient-based ER method, op-
erating on a single document (simplified as the clean ER), which
performs ER incrementally as each new entity v, is extracted. This
transforms the quadratic batch problem into a simpler, repeated
lookup task: determining where the single new entity v, fits among
the already-processed entities in the database. This incremental
process yields two distinct, observable scoring patterns when v, is
reranked against its top_k most relevant candidates:

o Case A: New Entity. If v, is a new conceptual entity, its rele-
vance scores against all existing entities will be uniformly
low, showing no significant gradient or discriminative pat-
tern.

Case B: Existing Entity. If v, is an alias of an existing entity,
its scores will show high relevance to the true match (or a
small set of equivalent aliases). Due to the reranker’s inher-
ent discriminative limitations, this initial high-relevance set
might occasionally contain multiple similar entities. This



high-relevance set is then typically followed by a sharp de-
cline (a large “gradient”) before transitioning to a gradual
slope of irrelevant entities.

Our Gradient-based ER algorithm is designed precisely to de-
tect this sharp decline (characteristic of Case B), allowing us to
efficiently isolate the high-relevance set. Subsequently, an LLM is
utilized for finer-grained distinction when multiple similar entities
are identified within this set, differentiating it from the “no gradient”
scenario (Case A) without quadratic comparisons.

Algorithm 1 shows the above entity resolution process. For a new
entity v,, we first retrieve its top_k candidates E. from the vector
database DB, which are then reranked by R against v, and sorted
based on their scores S (Lines 1-3). We initialize the selection set
Sel with the top-scoring candidate E.[0] and set the initial score
to S[0] (Line 4). We then iterate through the remaining sorted
candidates (Lines 5-8). The core logic checks if the current score
S|oc] remains above the previous score scaled by the gradient
threshold g (i.e., S[vc] > score * g). If the score drop is gentle
(passes the check), the candidate v, is added to Sel, and score is
updated (Lines 7-8); otherwise, the loop breaks (Line 8) as soon
as a sharp score drop is detected. Finally, the algorithm makes
its decision (Lines 9-14). If the selection set Sel is identical to E.,
this indicates that all candidates passed the gradient check. This
corresponds to Case A, where the scores lacked discriminative
power (i.e., v, is equally dissimilar to all candidates), so v, is added
as a new entity (Line 9-10). Conversely, if a gradient was found
(i-e., length(Sel) < length(E.)), this signals Case B. We then select
the canonical entity vse; from Sel, using an LLM (Line 13) if the
reranker identifies multiple aliases, and merge v, with it (Lines
12-14). The updated G and DB are then returned (Line 15).

For instance, considering the example in Figure 2, when the
new entity ey is processed, it is first compared with existing en-
tities in the KG. As depicted in the similarity curve (orange line),
e9 shows high similarity with e;, followed by a sharp decline in
similarity with other entities like eg, es, and es. Our gradient-based
selection process identifies e; as the unique, high-confidence match
for eo. Consequently, ey is merged with e;, enriching the KG with
consolidated information as shown in the final merged entity e.

Graph-Tree Link (GT-Link). The GT-Link M is formalized to
complete the BookIndex B = (T,G, M). As described in the KG
Construction phase, the origin tree node n; is recorded for every
newly extracted entity v;. GT-Link is then refined during entity
resolution: when an entity v, is merged into a canonical entity v,
the origin node set of v, is updated to include all origin nodes
previously associated with v,,. This aggregation process creates the
final mapping M : V. — P(N), which bi-directionally links the
entities in G to the set of their structural locations (nodes) in T.

5 AGENT-BASED RETRIEVAL

Real-world document queries are often complex, necessitating op-
erations like modality-specific filtering, semantic selection, and
multi-hop reasoning. To address this, we propose an agent-based
approach in BookRAG, which intelligently plans and executes op-
erations on the BookIndex. We first introduce the overall workflow
and present two core mechanisms: Agent-based Planning, which
formulates the strategy, and the Structured Execution, which
includes the retrieval process under the principles of IFT and gen-
eration.
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Figure 3: The general workflow of agent-based retrieval in
BookRAG, which contains agent-based planning, retrieval,
and generation processes.

5.1 Overall Workflow

The overall workflow of agent-based retrieval, illustrated in Figure 3,
follows a three-stage pipeline designed to address users’ queries
systematically.

1. Agent-based Planning. BookRAG first performs Classifi-
cation & Planning. This stage aims to distinguish different query
types, such as simple keyword-based queries, multi-hop reasoning
queries, and global aggregation queries, since they require different
retrieval workflows. For instance, a query like “How do SQL-based
and graph-based approaches differ in relation handling?” requires
retrieving evidence for both sides and then performing cross-section
comparison, rather than directly matching a single passage. There-
fore, the planning stage first performs query classification. Based
on the identified query type and a predefined set of operators de-
signed for the BookIndex, it generates a specific operator plan
that guides the retrieval and generation strategies. This plan acts as
a strategic navigation path, mapping heterogeneous queries to the
most effective foraging sequences within the complex document
topology.

2. Retrieval Process. Guided by the operator plan, the retrieval
process executes Scent/Filter-based Retrieval. This stage navigates
the BookIndex B = (T, G, M), either utilizing a scent-based re-
trieval principle (e.g., following relevant entities in G) to find in-
formation, or employing various filters (e.g., modality type) to refine
the selection. Rather than relying on a monolithic retrieval model,
this process employs a “narrow-then-reason” strategy through
modular operators. This decoupling ensures that each operator
focuses on its specialized function, effectively mitigating informa-
tion noise and retrieving highly relevant information. After rea-
soning, BookRAG retrieves a set of highly relevant nodes from the
BookIndex.

3. Generation Process. Finally, all retrieved information enters
the generation stage for Analysis & Merging. This stage synthesizes
these (often scattered) pieces of evidence, performs final analysis,
and formulates a coherent response.

5.2 Agent-based Planning

The planning stage is the core of BookRAG, designed to intelligently
navigate our BookIndex B = (T, G, M). To support flexible retrieval,
we define four types of operators: Formulator, Selector, Reasoner,
and Synthesizer. These operators can be arbitrarily combined to
form tailored execution pipelines, each with adjustable parameters.
BookRAG dynamically configures and assembles these operators
to adapt to the specific requirements of different query categories.
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Figure 4: The BookRAG Operator Library and an Execution Example from the MMLongBench dataset: (a) a visual depiction of
the four operator types (Formulator, Selector, Reasoner, and Synthesizer) and (b) an execution trace for a “Single-hop” query.
The trace demonstrates how the agent plans a sequence to navigate the BookIndex, pruning the search space (from 125 to 27
nodes) and filtering multimodal evidence.

This process involves two sequential steps: first, the agent performs ¢ BookIndex Operators. To execute the strategies identified
Query Classification to determine the appropriate solution strategy, by classification, we designed a set of operators (O) tailored for
then generates a specific Operator Plan. the BookIndex B = (T, G, M). These operators, visually depicted in
e Query Classification. To enable agent strategy selection, we Figure 4(a), define the set of operations the agent can employ for
focus on three representative query categories defined by their diverse query categories. We also provide a detailed comparison
intrinsic complexity and operational demands (Table 2): Single-hop, of these operators in the appendix of our technical report [57]. We
Multi-hop, and Global Aggregation. This classification is crucial group them into four types, which we describe in sequence:
because each category requires a different solution strategy. For @ Formulator. These are LLM-based operators that prepare the
instance, a Single-hop query typically requires a single piece of infor- query for execution. This category includes Decompose, which
mation retrieved via a Scent-based Retrieval operation. In contrast, breaks a complex query into a set of simpler, actionable sub-queries
a Global Aggregation query often necessitates analyzing content Qs. It also includes Extract, which employs an LLM to identify
under multiple filtering conditions, usually involving a sequence key entities E, from the query text and link them to corresponding
of Filter & Aggregation operations across various parts of the docu- entities in the KG, G:
ment. Furthermore, BookRAG is designed to be extensible, allowing
for the resolution of a broader range of query types by integrating Qs = LLM(Ppec, @) = {q1. 2, - - -» qic} (2

additional operators. Ey = LLM(Pgxr.q) = {e1,en. .. em) 3)

Table 2: Three common query categories addressed in BookRAG.

Query Category Description Core Task Example Query
Single-hop Queries with a single, distinct Scent-based Retrieval: Retrieve content ~ What is the definition of
information target. related to a specific entity or section. Information Scent?
Multi-hop Queries that require synthesizing Decomposing & Merging: Decompose How do SQL-based and
information from multiple blocks, often  into sub-problems, retrieve for each, and graph-based approaches
by decomposing into sub-problems. synthesize the final answer. differ in relation handling?
Global Queries that require filtering across the  Filter & Aggregation: Apply filters across How many figures related to
Aggregation entire document and performing the document & perform aggregation IFT are in Section 4?
calculations. operations (e.g., Count, Sum).
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Here, g is the original user query, while Pp.. and Pgy; represent the
prompts used to guide the LLM in the decomposition and extraction
tasks, respectively.
@ Selector. These operators filter or select specific content ranges
from the BookIndex. Filter_Modal and Filter_Range directly
apply the explicit constraints C (e.g., modal types, page ranges)
generated during the plan. Operating on the Tree T = (N, Er),
these operators produce a filtered subset Ny where the predicate
C(n) holds true for each node:
Nf={neN|C(n)} 4)
In contrast, Select_by_Entity and Select_by_Section target
contiguous document segments by retrieving subtrees rooted at
specific section nodes. This process first identifies a set of target
section nodes Siarget C N at a specified depth, where Siarger consists
of sections either linked to entities E, via the GT-Link M or selected
by the LLM. It then retrieves all descendants of these targets to
form the selected node set Nj:

N = U Subtree(s)

SE€Starget

®)

© Reasoner. These operators analyze and refine selected tree nodes.
Graph_Reasoning performs multi-hop inference on a subgraph
G’(V’,E’) (extracted from selected nodes Nj) starting from entity
e. Starting from the retrieved entities, it computes an entity impor-
tance vector I € RVl over the subgraph G’ using the PageRank
algorithm [21]. These entity scores are then mapped to the tree
nodes via the GT-Link matrix M to derive the final tree-node im-
portance score vector Sg € RINs!:

I = PageRank(G’, e)
S =Ic XM

(6)
™

Text_Reasoning evaluates the semantic relevance of the tree node’s
content to the query g, assigning a relevance score St to each node.
Skyline_Ranker employs the Skyline operator to filter nodes based
on these multiple criteria (e.g., S¢ and St), retaining only those
nodes that are not dominated by any others in terms of the speci-
fied scoring dimensions.

@ Synthesizer. These operators are responsible for content gen-
eration. Map performs analysis on specific retrieved information
segments to generate partial responses. Reduce synthesizes a final
coherent answer by aggregating information from multiple sources,
such as partial answers or a collection of retrieved evidence.

e Operator Plan. After classifying the query (g) into its category
(c), the agent’s final task is to generate an executable plan P. This
plan is a specific sequence of operators (o1, ..., 0,) selected from
our library O with parameters dynamically instantiated based on q.
This process is formulated as:

P = Agentp,, (g, ¢,0) (8)

The plan follows a structured workflow tailored to each category:

o Single-hop: The agent first attempts to Extract an entity. If
successful, it executes a “scent-based” selection; otherwise,
it falls back to a section-based strategy. Both paths then
proceed to standard reasoning and generation, denoted as
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Pytq.
_ {Extract ::LSS> Select_by_Entity — Pyq ©)
Extract — Select_by_Section — Pgyy
Psq = (Graph || Text) — Skyline — Reduce (10)

o Multi-hop: The agent first decomposes the problem, applies
the Single-hop workflow Ps to each sub-problem, and finally
synthesizes the results.

P,, = Decompose — P; — Map — Reduce

(11)
o Global Aggregation: The workflow involves applying a se-
quence of filters followed by synthesis.

Pgiobal = H(Filter_Modal | Filter_Range) — Map — Reduce (12)

Here, the symbol [] denotes the nested composition of
filters, applying either a modal or range filter at each step.

5.3 Structured Execution

BookRAG executes the planned workflow P following an IFT-inspired
“narrow-then-reason” strategy. Specifically, the Selector operators
mirror the act of “navigating to information patches,” narrowing
the vast document space down to relevant scopes. Subsequently,
the Reasoner operators perform “sense-making within patches,”
where they analyze and refine the information within these focused
scopes. Finally, the Synthesizer generates the answer based on the
processed evidence. This design minimizes the cost of attention by
ensuring computational resources are focused solely on high-value
data patches.

Scent/Filter-based Retrieval. The execution begins by narrowing
the scope. Aligning with IFT, Selector operators identify relevant
“patches” by following “information scents” (e.g., key entities in
question) or applying explicit filter constraints. This process reduces
the full node set N to a focused node subset N:

N; = Selector(N, params,,) (13)

This pre-selection minimizes noise and ensures that subsequent
reasoning is applied only to highly relevant contexts, optimiz-
ing the foraging cost. Subsequently, within this focused scope,
Reasoner operators evaluate nodes using multiple dimensions,
such as graph topology and semantic relevance. We then employ
the Skyline_Ranker to obtain the final retrieval set. Unlike fixed
top-k retrieval, the Skyline operator returns the Pareto frontier of
nodes, retaining nodes that are valuable in at least one dimension
while discarding dominated ones:

Nr = Skyline_Ranker({Sg(n),Sr(n) | n € Ns}) (14)

Analysis & Merging Generation. In the final stage, the Synthesizer
operator generates the coherent answer by aggregating the refined
evidence:

A = Synthesizer(gq, Nr) (15)
The Map operator performs fine-grained analysis on individual ev-
idence blocks or sub-problems (from Decompose) to generate in-
termediate insights. The Reduce operator then aggregates these
partial results, such as answers to decomposed sub-queries or sta-
tistical counts from a global filter, to construct the final response.
This separation ensures that the system can handle both detailed
content extraction and high-level reasoning synthesis effectively.



Figure 4(b) illustrates this workflow via a “single-hop” query. The
agent first invokes (1) Extract the key entity (e.g., “car”), and then
invokes (2) Select the relevant “Method” subtree, reducing the
search space from 125 to 27 nodes. Within this narrowed scope, (3)-
(4) it applies graph- and text-based Reasoning to score candidate
nodes, followed by Skyline filtering to retain the most relevant
nodes. Finally, (5) it invokes Synthesizes the selected nodes into
the final answer. This trace illustrates how BookRAG dynamically
composes operators to progressively narrow the search space, lo-
calize highly relevant evidence, and efficiently answer the query.

6 EXPERIMENTS

In our experiments, we evaluate BookRAG against several strong
baseline methods, with an in-depth comparison of their efficiency
and accuracy on document QA tasks.

6.1 Setup

Table 3: Datasets used in our experiments. EM and F1 denote
Exact Match and F1-score, respectively.

Dataset | MMLongBench M3DocVQA Qasper
Questions 669 633 640
Documents 85 500 192
Avg. Pages 42.16 8.52 10.95
Avg. Images 25.92 3.51 3.43
Tokens 2,816,155 3,553,774 2,265,349
Metrics EM, F1 EM, F1 Accuracy, F1

Datasets & Question Synthesis. We use three widely adopted
benchmarking datasets for complex document QA tasks: MMLong-
Bench [35], M3DocVQA [11], and Qasper [14]. MMLongBench is a
comprehensive benchmark designed to evaluate QA capabilities on
long-form documents, covering diverse categories such as guide-
books, financial reports, and industry documents. M3DocVQA is
an open-domain benchmark designed to test RAG systems on a
diverse collection of HTML documents sourced from Wikipedia
pages'. Qasper is a QA dataset focused on scientific papers, where
questions require retrieving evidence from the entire document.
To support a fair comparison, we filter out documents that cannot
be reliably handled by either the baselines or BookRAG, including
those with severe visual degradation or lacking intrinsic logical
hierarchies, such as presentation slides. Furthermore, to address the
scarcity of Global Aggregation questions, which are nearly absent
in M3DocVQA and Qasper, we synthesize 125 additional QA pairs
per dataset using a human-in-the-loop pipeline. These additional
pairs account for less than 20% of the final evaluation set and mainly
supplement the evaluation of Global Aggregation questions. The
statistics of the processed datasets are presented in Table 3, and
more details regarding the filtering and synthesis processes are
provided in the appendix of our technical report [57].

Metrics. We adhere to the official metrics specified by each dataset
for QA. Our primary evaluation relies on Exact Match (EM), accu-
racy, and token-based F1-score. To assess efficiency, we measure:
(1) Online: end-to-end time cost (from receiving queries to produc-
ing the final answer) and token usage (both prompt and completion
tokens across all LLMs and VLMs); (2) Offline: total construction

https://www.wikipedia.org/
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time, storage, and token consumption. Additionally, for methods
including PDF parsing, we also evaluate retrieval recall. To establish
the ground truth for this, we manually label the specific PDF blocks
(e.g., texts, titles, tables, images, and formulas) required to answer
each question. This labeling process is guided by the metadata of
ground-truth evidence provided in each dataset; we filter candidate
blocks using the given modality (all datasets), page numbers (MM-
LongBench), and evidence statements (Qasper). Any blocks that
remained non-unique after this filtering process are manually an-
notated. In cases where a PDF parsing error made the ground-truth
item unavailable, the retrieval recall for that query is recorded as 0.

Baselines. Our experiments consider three model configurations:

e Conventional RAG: These methods are the most common
pipeline for document analysis, where the raw text is first ex-
tracted and then chunked into segments of a specified size. We
select strong and widely used retrieval models: BM25 [44] and
Vanilla RAG. We also implement Layout+Vanilla, a variant that
uses document layout analysis for semantic chunking.

Graph-based RAG: These methods first extract textual content
from documents and then leverage graph data during retrieval.
We select RAPTOR [45] and GraphRAG [17]. GraphRAG has
two versions: GraphRAG-Global and GraphRAG-Local, which
employ global and local search methods, respectively.

Layout segmented RAG: This category encompasses meth-
ods that utilize layout analysis to segment document content
into discrete structural units. We include: MM-Vanilla, which
utilizes multimodal embeddings for visual and textual content;
a tree-based method inspired by Pagelndex [66], denoted as
TreeTraverse, where an LLM navigates the document’s tree
structure; SuperRAG [63], which organizes diverse layout units
into a graph based on their spatial proximity and reading or-
der; DocETL [46], a declarative system for complex document
processing; and GraphRanker, a graph-based method extended
from HippoRAG [20] that applies Personalized PageRank [21]
to rank the relevant nodes.

Implementation details. For a fair comparison, both BookRAG
and all baseline methods are powered by a unified set of back-
bone models from the Qwen family. Specifically, we utilize Qwen3-
8B [62] as the default LLM, Qwen2.5VL-30B [3] as the VLM, Qwen3-
Embedding-0.6B [69] for text embedding, Qwen3-Reranker-4B [69]
for reranking, and gme-Qwen2-VL-2B-Instruct [68] for multimodal
embedding. All methods utilize the same high-quality parsing re-
sults from MinerU [52], unless a baseline explicitly requires a spe-
cialized parser, such as SuperRAG with Docling [32]. Methods based
on fixed top-k retrieval use a unified setting with k = 10. For other
baselines, we follow the settings recommended in their original
papers or official implementations. All experiments are conducted
serially on a high-performance server equipped with 8 NVIDIA
RTX A5000 GPUs to eliminate resource contention and ensure a
fair comparison. We set the gradient threshold g to 0.6, and more
details are provided in the appendix of our technical report [57].
Our source code, prompts, and detailed configurations are available
at github.com/sam234990/BookRAG.

6.2 Overall results

In this section, we present a comprehensive evaluation of BookRAG.
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Table 4: Performance comparison of different methods across various datasets for solving complex document QA tasks. The
best and second-best results are marked in bold and underlined, respectively.

Baseline Type Method MMLongBench M3DocVQA Qasper
(Exact Match) (Fl-score) (Exact Match) (Fl-score) (Accuracy) (F1-score)
BM25 18.3 20.2 34.6 37.8 38.1 42.5
Conventional RAG Vanilla RAG 16.5 18.0 36.5 40.2 40.6 44.4
Layout + Vanilla 18.1 19.8 36.9 40.2 40.7 44.6
RAPTOR 21.3 21.8 34.3 37.3 39.4 44.1
Graph-based RAG GraphRAG-Local 7.7 8.5 23.7 25.6 35.9 39.2
GraphRAG-Global 5.3 5.6 20.2 22.0 24.0 24.1
MM-Vanilla 6.8 8.4 25.1 27.7 27.9 29.3
Tree-Traverse 12.7 14.4 33.3 36.2 27.3 32.1
Layout segmented RAG - Ranker 21.2 22.7 430 4738 32.9 37.6
SuperRAG 14.8 17.9 25.9 29.5 37.8 40.7
DocETL 275 28.6 40.9 433 42.3 50.4
Our proposed BookRAG 43.8 44.9 61.0 66.2 55.2 61.1

e QA Performance of BookRAG. We compare the QA per-
formance of BookRAG against three categories of baselines, as
shown in Table 4. The results indicate that BookRAG achieves
state-of-the-art performance across all datasets, substantially out-
performing the top-performing baseline by 18.0% in Exact Match
on M3DocVQA. Layout + Vanilla consistently outperforms Vanilla
RAG, confirming that layout parsing preserves essential structural
information for better retrieval. Moreover, the suboptimal results of
Tree-Traverse and GraphRanker highlight the limitations of relying
solely on hierarchical navigation or graph-based reasoning, which
often miss cross-sectional context or drift into irrelevant scopes.
In contrast, BookRAG’s superiority stems from the synergy of its
unified Tree-Graph BookIndex and Agent-based Planning. By ef-
fectively classifying queries and configuring optimal workflows,
our BookRAG overcomes limitations of context fragmentation and
static query workflows within existing baselines, ensuring precise
evidence retrieval and accurate generation.

Table 5: Retrieval recall comparison among layout-based
methods. The best and second-best results are marked in
bold and underlined, respectively.

Method MMLongBench M3DocVQA  Qasper
Layout + Vanilla 26.3 33.8 33.5
MM-Vanilla 7.5 19.7 14.9
Tree-Traverse 11.2 19.5 14.5
GraphRanker 26.4 44.5 28.6
BookRAG 57.6 71.2 63.5

o Retrieval performance of BookRAG. To validate our re-
trieval design, we evaluate the retrieval recall of BookRAG against
other layout-based baselines on the ground-truth layout blocks. The
experimental results demonstrate that BookRAG achieves the high-
est recall across all datasets, notably reaching 71.2% on M3DocVQA
and significantly outperforming the next best baseline (GraphRanker,
max 44.5%). This performance advantage stems from our IFT-inspired
Selector — Reasoner workflow, where the Selector narrows the
search to a precise information patch for the Reasoner’s analysis.
Crucially, after the Skyline_Ranker process, the average number
of retained nodes is 9.87, 6.86, and 8.6 across the three datasets,

which is comparable to the standard top-k (k = 10) setting, ensuring
high-quality retrieval without inflating the candidate size.
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Figure 5: Comparison of query efficiency on MMLongBench.
Bars follow the legend’s left-to-right order.

o Efficiency of BookRAG. We further evaluate the efficiency in
terms of query time and token consumption, as illustrated in Figure
5. Overall, BookRAG maintains time and token costs comparable
to existing Graph-based RAG methods. While purely text-based
RAG approaches generally exhibit lower latency and token usage
due to the absence of VLM processing for images, BookRAG main-
tains a balanced efficiency among multimodal methods. In terms of
token usage, BookRAG reduces consumption by an order of magni-
tude compared to the strongest baseline, DocETL. Notably, on the
MMLongBench dataset, DocETL consumes over 53 million tokens,
whereas BookRAG requires less than 5 million. Regarding query
latency, our method also achieves a speedup of up to 2x compared
to DocETL.

¢ Index Construction and Storage. We evaluate the offline
overhead in terms of end-to-end construction time, storage size, and
token consumption (Figures 6 and 7). Overall, BookRAG exhibits
an offline indexing overhead comparable to existing graph-based
methods; for instance, on the MMLongBench dataset, our construc-
tion time (145, 107s) is closely aligned with GraphRAG (172, 625s).
In terms of storage, BookRAG maintains an efficient footprint with
an average of 52.4 MB per document on MMLongBench, which is
on par with the 43.3 MB of Layout + Vanilla. This confirms that
our tree and graph structure contribute a negligible fraction to the
total index size, which is otherwise dominated by high-dimensional
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embeddings. While multimodal processing results in higher index-
ing costs (e.g., 36.9M for BookRAG vs. 15.5M for GraphRAG on
Qasper), this one-time investment enables BookRAG to achieve
superior efficiency and precision during online queries.

For brevity, Figures 5 and 6 focus on MMLongBench; remaining
results for M3DocVQA and Qasper are provided in the appendix
of our technical report [57]. The trends across all datasets remain
consistent, further validating the efficiency of BookRAG.
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Figure 6: Comparison of Index Construction Overhead on
MMLongBench. Bars follow the legend’s left-to-right order.
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Figure 7: Token Consumption for Index Construction. Bars
follow the legend’s left-to-right order.

6.3 Detailed Analysis

In this section, we provide a more in-depth examination of our
BookRAG.

e Ablation study. To evaluate the contribution of each core
component to BookRAG, we design several variants by removing
specific components:

o w/o Gradient ER: Replaces the gradient-based entity reso-
lution with a Basic ER by merging the same-name entities.
w/o Planning: Removes the Agent-based Planning, default-
ing to a static, standard workflow for all queries, as per the
plan for single-hop questions.

w/o Selector: Removes the Selector operators, forcing
Reasoners to score all candidate nodes.

w/o Graph_Reasoning: Removes the Graph_Reasoning op-
erator. Consequently, the Skyline_Ranker is also disabled
as scoring becomes single-dimensional.

w/o Text_Reasoning: Removes the Text_Reasoning op-
erator. Similarly, the Skyline_Ranker is disabled, relying
solely on graph-based scores.

w/o0 Map: Removes the Map operator and adds raw retrieved
contexts directly to the final synthesis (Reduce operator)
until the LLM’s token limit is reached.

w/o Plan & Ops: Retrieves the top-k most relevant nodes
and entities from the tree and graph, respectively, and feeds
the aggregated information to the LLM for generation.
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Table 6: Comparing the QA performance of different variants
of BookRAG. EM and F1 denote Exact Match and F1-score,
respectively.

Method variants MMLongBench Qasper
EM F1 Accuracy F1

BookRAG (Full) 438 449 55.2 61.1
w/o gradient ER 40.1 42.8 48.9 57.3
w/o Planning 30.8 33.2 40.9 48.5
w/o Selector 42.5 43.1 52.5 59.1
w/o Graph_Reasoning 39.8 41.5 514 58.4
w/o Text_Reasoning 39.0 40.3 47.2 52.5
w/o Map 40.8 42.9 46.1 54.9
w/o Plan & Ops 21.1 22.1 41.3 47.2

The first three variants evaluate KG quality, Agent-based Plan-
ning, and IFT-inspired selection, respectively. The remaining vari-
ants test the contribution of individual operators and the overall
planning-and-operator workflow beyond simple retrieval and di-
rect generation. As shown in Table 6, the performance degradation
across all variants confirms the essential role of each module in
BookRAG. Specifically, the performance drop in the w/o Gradient
ER variant highlights the critical role of a high-quality, connectivity-
rich KG in supporting effective reasoning. Removing the Planning
mechanism results in the most significant performance loss, con-
firming that a static workflow is insufficient for handling diverse
types of queries. The w/o Selector variant maintains comparable
accuracy but incurs much higher cost; for example, on Qasper, the
token usage exceeds 2%, while the average number of retrieved
nodes increases from 8.6 to 15.9. Without the structural constraints
of the Selector, the reasoning operators have to explore a much
larger candidate space in the BookIndex. This result highlights
the importance of the Selector for improving cost-efficiency by
narrowing the search space before reasoning. The performance
declines in w/o Map and w/o Plan & Ops further confirm the value
of coordinated planning and specialized operators for preserving
long-context coherence, relative to a vanilla RAG pipeline.

¢ Impact of Gradient-based Entity Resolution. To evaluate
the quality of our constructed KG, we compare the graph statistics
of our Gradient-based ER against a Basic KG construction. The Basic
setting employs simple exact name matching for entity merging,
which is standard practice in many graph-based methods. Figure 9
presents the comparative results, normalizing the metrics (Entity
count, Density, Diameter of the Largest Connected Component,
and Number of Connected Components) against the Basic baseline.
The results demonstrate that our Gradient-based ER significantly
improves KG quality. Specifically, it reduces the number of entities
(by 12%) while substantially boosting graph density (by over 20%
across datasets). This structural shift indicates that our ER module
effectively identifies the same concepts expressed under different
names. Consequently, the resulting graphs are more compact and
cohesive, as evidenced by the reduced diameter and fewer connected
components, which mitigates graph fragmentation and facilitates
better connectivity for graph reasoning.

¢ Sensitivity Analysis of g. We further investigate the sen-
sitivity of the gradient threshold g by varying it from 0.2 to 0.8
across different reranker backbones (Qwen3-Reranker-4B and bge-
reranker-v2-m3 [8]). As illustrated in Figure 10, the graph statistics
remain remarkably stable across this entire range. This stability



case from Qasper

BookRAG response to a multi-

Subsequent Reasoners retrieve 7 evidence nodes.

retrieving 5 critical nodes.

Question: What is the difference in performance between the interpretable system (e.g., vectors and cosine distance) and LSTM with ELMo system?
Human-written answer: Accuracy of best interpretable system was 0.3945 while accuracy of LSTM-ELMo net was 0.6818.

Evidence 1: The experimental results are presented in Table 1. Diacritic swapping showed a remarkably poor performance </>

Evidence 2: Test results for all the methods used. The loss measure is cross-entropy </>

Agent-based Planning: This is a multi-hop query. Here is the Decompose operator:
Sub_question 1: "What is the performance metric of the interpretable system (e.g., vectors and cosine distance)?"
Sub_question 2: "What is the performance metric of the LSTM with ELMo system?"
Process: To resolve the multi-hop dependency, BookRAG orchestrates parallel single-hop pipelines (comprising Select, Reason, and Synthesizer
operators) to navigate disjoint document regions and localize each sub-question’s evidence:
Sub-q 1 Execution: Identifies entities (e.g., “cosine distance”), selects sub-trees under “5. Results”, and prunes the search space from 53 to 13 nodes.

Sub-q 2 Execution: Identifies architecture entities (e.g., “LSTM-ELMO0”), targets “4. Experimental setup”, and prunes the space from 53 to 7 nodes,

Intermediate Synthesis: Partial responses are generated based on localized evidence:
Answer 1: "Summary:\n- Performance Metric: Accuracy (0.3945) and </>"
Answer 2: "The performance metric of the LSTM with ELMo system (LSTM-ELMo net) is as follows:\n Accuracy: 0.6818 </>"

Output: The interpretable system (using vector distance and cosine distance) has an accuracy of 0.3945, while the LSTM with ELMo system has an
accuracy of 0.6818. The difference in accuracy between the two systems is 0.6818 - 0.3945 = 0.2873. </~

Figure 8: Case study of a response to a multi-hop question from Qasper. For conciseness, only high-level orchestration steps are
shown, while nested retrieval operators for each sub-query are omitted. CYAN TEXT highlights correct content generated by
BookRAG. GRAY TEXT describes the internal process, and </> marks omitted irrelevant parts.
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Figure 9: Comparison of graph statistics. Values are normal-
ized to the Basic setting (Blue bars with diagonal lines, Base-
line=1.0). Absolute values for Basic are annotated. Note that
density values are abbreviated (e.g., 3.6E-3 denotes 3.6 X 1073).

confirms that the isolation of high-relevance entities is determined
by the intrinsic scoring distributions of the rerankers rather than by
specific threshold settings. While more powerful rerankers (Qwen3-
Reranker-4B) consistently yield more cohesive graphs than smaller
ones, the overall graph quality remains robust to the choice of g,
demonstrating that our ER framework does not require extensive
document-specific tuning.

e Case Study. Figure 8 illustrates BookRAG’s execution work-
flow for a complex multi-hop query. The process demonstrates that
BookRAG correctly decomposes a reasoning question into two sub-
tasks, each of which internally triggers a full retrieval pipeline to
navigate distinct document regions. This indicates that scattered ev-
idence is accurately synthesized while nested operators effectively
prune the search space for each sub-problem.

We provide additional detailed experiments in the appendix of
our technical report [57], including a comprehensive Error Response
Analysis, a performance breakdown across Query Categories, and
an extended Case Study with a more comprehensive set of exam-
ples. These evaluations further reveal characteristic failure patterns,
highlight the importance of query categorization for plan construc-
tion, and illustrate the workflow of BookRAG.
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Figure 10: Sensitivity analysis of graph statistics by varying
gradient thresholds g and different rerankers. The horizontal
dashed lines represent the metrics of the Basic KG construc-
tion (the values are annotated on the plots).

7 CONCLUSION

In this paper, we propose BookRAG, a novel method built upon
BookIndex, a document-native, structured Tree-Graph index specif-
ically designed to capture intricate relations within structured doc-
uments. By employing an agent-based method to dynamically con-
figure retrieval and reasoning operators, our approach achieves
state-of-the-art performance on multiple benchmarks, demonstrat-
ing significant superiority over existing baselines in both retrieval
precision and answer accuracy. In the future, we will explore an
integrated document-native database system that supports data
formatting, knowledge extraction, and intelligent querying.
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